The accumulation of biodiversity in space and time has been modelled extensively using the species-area relationship and the species-time relationship, respectively. Recently, these models have been combined into time-area curves in order to investigate spatiotemporal scaling of species richness. This study expands on previous research by applying these spatiotemporal models to functional diversity. Understanding spatiotemporal dynamics of ecological traits is important due to their crucial role in ecosystem functioning and mediating species responses to environmental change. We present a new function based on the semi-logarithmic species-area relationship, which was applied with a power function to vegetation survey data from Scottish machair grassland for both species richness and two measures of functional diversity. When taking a whole-study approach using non-linear mixed effects models, the semi-logarithmic function used here shows a positive time-area interaction for species richness, contrasting with the negative interaction of the power law found in previous investigations. Although there was a negative time-area interaction for functional diversity measures at the whole-study scale, parameter estimates were inconsistent at the individual site level. Overall, the results reveal differing spatiotemporal dynamics of species and their traits and suggest that the appropriate scale for space-for-time substitutions depends on the aspect of biodiversity being investigated. The new model developed in this study, and the novel application to functional diversity, opens up future possible research into spatiotemporal dynamics of biodiversity.
Introduction
Species diversity is scale dependent along spatial and temporal dimensions (Crawley and Harral 2001, White et al. 2006) . The species-area relationship (SAR) and, to a lesser extent, species-time relationship (STR) are well-established ecological concepts (Preston 1960 , Rosenzweig 1995 . A number of processes shape these relationships (Scheiner et al. 2011) , although the two most frequently cited mechanisms are the sampling effect, where the sampling of more individuals increases the likelihood of sampling additional species (Rosenzweig 1995 , Palmer et al. 2000 , McGlinn and Palmer 2009 , and spatial or temporal environmental heterogeneity, where sampling more (micro-) habitats means that more species associated with these habitats are included (Chesson 1985 , Rosenzweig 1995 , Triantis et al. 2003 , Shen et al. 2009 , Scheiner et al. 2011 .
Recently, the SAR and STR have been combined into a single, unified model -the species-time-area relationship (STAR; Adler et al. 2005 , White et al. 2010 ). The foundation for this lies in the conceptual model proposed by Preston (1960) who suggested that the SAR and STR should take equivalent forms, which would, in turn, imply that similar processes drive both spatial and temporal distributions of species (Adler and Lauenroth 2003) . Integrating spatial and temporal patterns of diversity has a number of applications such as identifying the appropriate scale for space-for-time substitutions, accounting for spatiotemporal coexistence mechanisms (White et al. 2010 ) and integrating palaeontology with ecology (Raia et al. 2010) . The STAR will identify whether there is a time-area interaction which can be used to calculate scales of equivalence, i.e. the combinations of area and time span at which spatial and temporal turnover are equal (Adler et al. 2005) . Adler and Lauenroth (2003) identified a negative interaction between space and time in a temperate grassland system, where, as area increases, species accumulation in time slows. Using a neutral model approach, McGlinn and Palmer (2009) demonstrated that this negative interaction is expected if the species pool is finite and this has been supported empirically in both terrestrial and aquatic ecosystems (Adler et al. 2005 , Raia et al. 2010 , Swenson et al. 2013 .
Research on spatial and temporal scaling has focussed mostly on species accumulation (Rosenzweig 1995 , Crawley and Harral 2001 , Drakare et al. 2006 , White et al. 2006 but, recently, these concepts have been expanded to encompass other dimensions of biodiversity. Phylogenetic diversity-area relationships have been constructed to investigate evolutionary and community assembly processes (Morlon et al. 2011 , Helmus and Ives 2012 , Mazel et al. 2015 , whilst Swenson et al. (2013) derived a phylogenetictime-area relationship (an extension of the STAR) to investigate spatial and temporal scaling of phylogenetic diversity in tropical forest plots. Although there has been some work on functional diversity-area relationships (Belmaker and Jetz 2013 , Smith et al. 2013 , Wang et al. 2013 , Mazel et al. 2014 , Karadimou et al. 2016 , this has yet to be extended to temporal scaling despite the important ecological processes patterns of temporal functional turnover can represent (Swenson et al. 2012) .
Previous studies investigating the time-area interaction use a log-log scale (Adler et al. 2005 , Raia et al. 2010 , Ulrich et al. 2013 analogous to the power law SAR outlined by Arrhenius (1921) . However, there is little justification for assuming a power law relationship without considering alternative functions used in scale-diversity studies such as the semi-logarithmic model (Gleason 1922) . The power function is often the default function used in studies of species-area and species-time relationships (Crawley and Harral 2001 , Fridley et al. 2006 , Ferenc et al. 2014 , however, the semilogarithmic function has proved the better fit for a number of taxa including spatial scaling of British birds (Lennon et al. 2001) , plants of north Michigan (Gleason 1922) and Pampean streams (Ranieri et al. 2015) , and temporal scaling of Lepidoptera in south east England (Rosenzweig 1995) . The model describing species accumulation also can vary with spatial or temporal scale as, although ecological processes operate at all scales, sampling processes may dominate at fine scales (Preston 1960 , Fridley et al. 2006 .
In this study, we present a trait-time-area relationship analogous to the STAR in order to determine the spatiotemporal scaling of two measures of functional diversity. Although some traits are not strictly 'functional' as they do not contribute to ecosystem functioning (Mlambo 2014) , we maintain the use of the term 'functional diversity' to describe the diversity of ecological traits, in keeping with the wellestablished literature on the topic. A time-area model derived from the semi-logarithmic function for species and functional diversity was developed, analogous to that of Gleason's original species-area curve. The power and semi-logarithmic models were tested using empirical data from a semi-natural grassland system in the Western Isles of Scotland, the machair. This is a valuable system for studying spatiotemporal biodiversity dynamics due to its largely heterogeneous nature, a result of the traditional, low intensity cropping and grazing rotational management regime (Angus 2001 ).
The new model was applied alongside the SAR and STR to investigate: 1) whether space and time interact in models of species accumulation; and, 2) how these rates contrast to the accumulation of functional diversity. We used two measures of functional diversity in this study; functional richness (FRic) and functional dispersion (FDis). FRic measures the range of traits within a community (Villéger et al. 2008) whilst FDis is a measure of the clustering of species in trait space (Laliberté and Legendre 2010) . Therefore, in theory, the functional dispersion-area relationship (FDisAR) and functional dispersion-time relationship (FDisTR) can have non-increasing or even negative slopes in circumstances where the traits of species being added are similar to those already sampled (Karadimou et al. 2016 ). This study also determines whether the negative interaction previously reported between time and area for species richness (Adler and Lauenroth 2003 , Adler et al. 2005 , Raia et al. 2010 , Swenson et al. 2013 ) is consistent across the machair system for both species richness and functional dispersion. As spatial variation in species occurrences is a result of dynamic temporal processes (Preston 1960) , we expect a significant interaction between space and time in the STAR model. If similar processes shape patterns of functional diversity, then we would expect to observe a similar time-area interaction in the FRic time-area relationships (FRicTAR) and FDisTAR. However, differences in the scaling of species and traits may reveal decoupling of spatiotemporal dynamics of taxonomic and functional diversity, indicating that the underlying processes of community assembly differ between species and traits.
Methods

Machair data
Data were obtained from a survey of vegetation in the Western Isles of Scotland. Thirty plots were selected randomly from 1  1 km grid squares which had been selected for monitoring in the former environmentally sensitive areas scheme, shown in Fig. 1 , and were sampled annually from 2004-2008 at three nested quadrat scales; 0.04  0.04 m, 0.2  0.2 m and 1  1 m. Each quadrat was part of a 5  5 grid of quadrats so that at each plot, 75 quadrats were sampled (25 quadrats at each of the three scales). Although percentage cover for each species was estimated, for this study, only presence-absence was used. The plots were located in the extensively managed calcareous coastal grassland known as machair. This habitat is restricted to the Western coasts of Scotland and Ireland and is known for its floristic diversity (Lewis et al. 2014a) . Machair grassland includes areas of dunes as well as a flat coastal plain that has been traditionally used for small-scale, low intensity, rotational arable agriculture where land is usually left fallow for two years following two years of arable cropping. Most areas are also winter grazed by livestock (Angus and Dargie 2002) . This management regime, combined with the exposure of these sites to Atlantic storms, results in substantial turnover of community composition in both space and time (Lewis et al. 2015) .
Plant traits were selected from those assembled by Lewis et al. (2014a) which were primarily taken from BiolFlor (Klotz et al. 2002) and LEDA (Kleyer et al. 2008) . Nine traits were selected for this analysis; canopy height, seed mass, canopy structure, life form, type of reproduction, vegetative propagation, leaf dry matter content, specific leaf area and pollen vector. These cover all bar one of the plant organs and whole-plant properties identified by Laughlin (2014) ; due to the difficulty in their measurement and, hence, their low representation in databases, root trait data were not included. These traits were selected to maximise the number of dimensions captured and subsequently the functional information provided whilst minimising the possibility of correlated traits.
Functional diversity
Functional richness (FRic) and functional dispersion (FDis) were used to measure functional diversity. FRic measures the volume of the minimum convex hull of a community plotted in multidimensional trait space (Villéger et al. 2008) , and FDis measures the clustering of species in trait space as the mean functional distance of species from the centroid of all the species (Laliberté and Legendre 2010) . These measures, therefore, provide different but complementary information on the filling of multidimensional trait space by species. The latter measure was also selected because it is unaffected by species richness (Laliberté and Legendre 2010, Gallagher et al. 2013 ) so that observed functional dispersion-area or -time relationships were a result of trait composition without any internal signal of species richness. FDis, theoretically, may increase, decrease or remain the same as the spatial or temporal scale of sampling increases, as it reflects clustering of species in multidimensional trait space. Traits were weighted so that all traits, including those whose levels were coded in binary, contributed equally to the metric. Both FRic and FDis were calculated using the 'dbFD' function in the 'FD' package (Laliberté and Legendre, 2010, Laliberté et al., 2014) in the statistical language R ver. 3.2.3 (R Core Team) using Gower distances (Gower 1971) to produce a trait-distance matrix which allowed the inclusion of both continuous and categorical traits. We also calculated Petchey and Gaston's (2002) dendrogram-based measure of FD, which calculates the total sum of branch lengths connecting species in a community. However, as this measure is inflated by species richness, the spatial and temporal curves mirrored those of species. The results of models for FD can be found in the Supplementary material Appendix 1 Fig. A1 and Supplementary material Appendix 2 Fig. A2 .
Time and area curves
All curves were calculated at both the plot level and study level. Non-linear least square (nls) models were used for the plot level relationships and non-linear mixed effects (nlme) models for the study level relationships. Species richness, functional richness and functional dispersion were calculated for each plot, at each spatially nested area and each nested time period. The models were, therefore, built by accumulating species over increasing areas and time periods. Using non-linear methods ensured that the model error term was additive as opposed to the multiplicative errors that a logtransformed linear model assumes (Xiao et al. 2011 ). All models were fitted separately with species richness, FRic and FDis as response variables. The species-area relationship (SAR), functional richness-area relationship (FRicAR) and functional dispersion-area relationship (FDisAR) were fitted for each plot for each of the five time periods (1-5 yr) to compare the slope (rate) parameter of the diversity-area relationships between time periods. Due to disruption of most plots by ploughing in at least one year during the five year sampling period, the SAR, FRicAR and FDisAR were calculated for all 30 plots for the one year time period, 23 plots for the two year time period, 14 plots for the three year time period, 12 plots for the four year time period and 10 plots for the five year time period. Species-time relationships (STR), functional richness-time relationships (FRicTR) and functional dispersion-time relationships (FDisTR) were fitted for the ten plots which had been sampled continuously over the total five year period at each of the three spatial scales to compare the slope parameter of the diversity-time relationships between spatial scales. For each relationship-type, both a power law (log X-log Y) and a semi-logarithmic curve (log X-arithmetic Y) were fitted. The fit of these two functions were compared for each relationship of species richness or functional diversity using AICc, which increases the penalty for relative model complexity for small datasets (Burnham and Anderson 2002) .
Species-time-area relationships and functional diversity-time-area relationships
Interaction models were used to investigate the scaling of species and traits in both space and time simultaneously by computing: a) the species-time-area relationship (STAR); b) the functional richness-time-area relationship (FRicTAR); and, c) the functional dispersion-time-area relationship (FDisTAR) using data collected at all spatial scales. As above, due to the temporal component of the relationship, only the 10 continuously sampled plots were included in the construction of the curves. Four curves were fitted to each time-area relationship based on the power and semilogarithmic functions to estimate three model parameters, namely: spatial scaling parameter (z), temporal scaling parameter (w) and the interaction between space and time parameter (u). The first, previously published, model is based on the power law (Adler and Lauenroth 2003 , Adler et al. 2005 , White et al. 2010 ) and takes the form:
which can also be expressed as:
where S is the number of species (or functional dispersion), A is area, T is time and z, w and u are scaling parameters.
A new model was developed to produce a time-area relationship curve analogous to the semi-logarithmic function used for the species-area relationship, taking the form:
In addition to these, two power law models of lower complexity were also included; a simple model and a no-interaction model consistent with Adler et al. (2005) . The first of these takes the form:
S c AT z = ( ) which can also be expressed as:
This models species richness (or functional diversity) as a power function of the product of time and area assuming they have equivalent, non-interactive effects on diversity. The second model allows time and area to have non-equivalent effects but still omits an interaction between the two:
S cA T z w = which can also be expressed as: log log log log S c z A w T = + + S was then substituted in turn by FRic and FDis, and all of the models re-run to produce functional diversity-time-area relationships using the two measures.
In addition to calculating the curves for each plot individually, the relationships were calculated across all plots using the full dataset with non-linear mixed effects models in the R package 'nlme' (Pinheiro et al. 2015) with 'plot' included as a random effect for all of the parameters included in each model. This mean that, for example, in the STAR, the intercept (c), spatial scaling parameter (z), temporal scaling parameter (w) and spatio-temporal scaling parameter (u) were all allowed to vary within the model between plots. This increased the sample size producing more robust curves and provided information on the scaling parameters of the entire dataset.
Data deposition
Data available from the Dryad Digital Repository: < http:// dx.doi.org/10.5061/dryad.n08sv > (White et al. 2017) .
Results
Plot level relationships
The power function and the semi-logarithmic function of the time-, area-and time-area relationships performed equally well (had a difference in AICc of  2) in a large proportion of the plots (Table 1) . Between the two functions, the semi-logarithmic function was favoured on slightly more occasions, particularly with respect to area i.e. SAR, FRicAR, FDisAR, STAR, FRicTAR and FDisTAR. Therefore, for brevity, we present the results for the semi-logarithmic function for the relationships. The spatial scaling parameter, z, extracted from the semi-logarithmic SAR and the FRicAR was consistent across sampling periods (Fig. 2a, b) . The spatial scaling parameter for functional dispersion from the semi-logarithmic FDisAR was also relatively consistent across time periods, although it was significantly lower when measured across three years than one year (p  0.0311, 95% CI  [-0.00456, -0.000143], df  4). The temporal scaling parameter, w, extracted from the semi-logarithmic STR and FDisTR varied between the three spatial scales of sampling (Fig. 2d, f ) . However, w did not vary with spatial scale for FRic (Fig. 2e) .
The interaction between space and time was not consistently significant across plots for any of the time-area relationships. Eight plots showed a significant, positive interaction between space and time for the semi-logarithmic STAR. A significant, positive interaction indicates that as the sampling period increases, the slope of the SAR also increases (Fig. 3a) . Six plots showed a significant, negative interaction between space and time for the semi-logarithmic FRicTAR (Fig. 3b) , indicating that as sampling period increases, the slope of the FRicTAR decreases in these plots. However, one plot showed a significant, positive interaction (Plot 7) for the FRicTAR. Three plots showed a significant, negative interaction for the semi-logarithmic FDisTAR (Fig. 3c) .
Whole study curves
When all of the curves were fitted using mixed models across plots, the semi-logarithmic function proved a better fit for all diversity-area and diversity-time-area relationships (ΔAICc  2; Table 2 and Table 3 ), whilst the power and semilogarithmic fitted equally well for all diversity-time relationships. The interaction between space and time was positive in the STAR but negative in the FRicTAR and FDisTAR (Table 3) . The model surfaces of the STAR, FRicTAR and FDisTAR are shown in Fig. 4 .
Discussion
Extending time-area relationships to model functional diversity can provide information on the processes underlying spatial and temporal patterns of biodiversity. Using a plot level approach revealed the inconsistent relationship of spatiotemporal scaling of functional richness and functional dispersion in space, but a cross-plot, mixed model approach allowed general conclusions to be made for this underresearched topic, revealing a contrasting time-area interaction between species richness and the two measures of functional diversity. We discuss these two sets of results separately below. At both levels, however, the semi-logarithmic model tended to have the better fit for both the species richness and functional diversity relationships. This function implies that as the sampling unit is increased incrementally, the difference in diversity between the larger area and the smaller area is a constant (Lennon et al. 2001) . Therefore, the present study demonstrates that both the mean number of species and the Table 1 . The percentage of plots for which each function was (one of) the best (difference in AICc  2) fitting curves. The total number of plots for each relationship is shown in brackets. The 'simple' and 'no interaction' models were only used for the time-area relationships. mean functional dispersion gained and lost between neighbouring quadrats is scale-invariant (Lennon et al. 2001 ). The apparent superiority of the semi-logarithmic function in some plots and in the mixed models used for the whole study curves most likely reflects the scale at which the data were sampled. Many authors suggest that the form of the species-area relationship changes with sampling area (He and Legendre 1996, Crawley and Harral 2001) . The curves fitted in the current study are likely to reflect the initial phase of a triphasic relationship (Hubbell 2001, Rosindell and Cornell 2007) . If the study were to be expanded to larger spatial or temporal scales, we may find that the intermediate phase of the diversity-area or diversity-time relationships is better fitted by a power law function.
Plot level relationships
It is unsurprising that the power and semi-logarithmic functions for the curves derived from data for many plots performed equally well as model discrimination can prove difficult in studies with small area ranges (Dengler 2009 ).
The present study spanned areas from 0.0016 m 2 to 25 m 2 . Plant surveys carried out at a small scale often fit a straight line on a semi-logarithmic plot better as they are small enough to be affected by sample size (Rosenzweig 1995) , which explains the overall better performance of the semi-logarithmic function in our study.
Accumulation of species in time occurred at a higher rate than accumulation in space over the units of measurements used in this study (Supplementary material Appendix 3 Fig. A3 ), similar to plant species dynamics in Kansas grassland plots at small spatial scales (Adler and Lauenroth 2003) . However, the semi-logarithmic function of the machair data shows that as scale increases the slope of the STR also increases, whereas the Kansas plots show accumulation of species slows with increasing area using the power function STAR (Adler and Lauenroth 2003) . The latter result implies that at some spatial scale, the spatial and temporal scaling parameters are equal; this is referred to as time-space equivalence. The spatial scale at which this occurs in the Kansas plots is larger than the maximum area included in the machair analysis. The interaction between area and time, as observed in some plots within this study, suggests that increasing the spatial scale in the machair study may incorporate the spatial and temporal scales at which spatial and temporal turnover of species and functional dispersion are equivalent.
Some plots showed negative FDisAR and FDisTR relationships indicating that the species being added were functionally similar to those already sampled. This suggests that, in these plots, functional redundancy increased with either sampling area or period (Karadimou et al. 2016) . Further investigation into the relationship between species richness and functional dispersion should confirm or negate this (Strauss et al. 2010 , Woodcock et al. 2014 . As the resilience of ecosystem functioning to species loss is dependent on functional redundancy (Laliberté et al. 2014) , identifying areas with low redundancy is crucial in implementing targeted conservation efforts to maintain ecosystem services across large areas (Woodcock et al. 2014) .
Long-term temporal changes in trait composition of the machair have been used to infer changes in management and land use of this grassland system between large-scale surveys carried out in 1976 and 2010 (Lewis et al. 2014a ). The shortterm temporal dynamics of functional richness and dispersion indicate temporal environmental heterogeneity even on a small scale. The machair is spatially heterogeneous, even at small distances, such as the fine spatial scale investigated here (Lewis et al. 2014b) ; the potential influence of a negative heterogeneity-diversity relationship, observed in some cases at fine spatial scales (Tamme et al. 2010 ), on our results for both taxonomic and functional diversity should be investigated further. Greater variation between plots in the spatial and temporal scaling parameters of both functional diversity measures when compared with those of species richness (Supplementary material Appendix 3 Fig. A3 ) may suggest that the rotational management practice on the machair has a greater impact on trait diversity than species richness, so secondary succession after disturbance may be driven by species replacement rather than species dominance. The use of FRicTAR and FDisTAR, therefore, allows us to investigate the accumulation of trait variance post-succession and how this is dependent on the spatial scale of recording. As the processes generating biodiversity are thought to change during succession (Connell and Slatyer 1977) , identifying patterns of temporal change in taxonomic and functional diversity post-disturbance can contribute to our understanding of the drivers of community assembly (Purschke et al. 2013) . The regular disturbance regime along with periods of time left fallow makes the machair a useful system for studying successional change in community composition to which the time-area relationships presented in this study could be applied in order to show accumulation of species and traits after ploughing. Additional plot level characteristics or management stage details at each sampling point could be included in analyses, such as the presence of summer grazing or land use at first recording (Supplementary material Appendix 4 Table A1 ). Although there is no consistent pattern of, for example, summer grazing in the plots where there was a significant time-area interaction for either the Figure 3 . Diversity-area relationships for (a) species richness, (b) functional richness and (c) functional dispersion for increasing periods of time, T, for each of the ten plots which were continuously sampled across the five year period. Plots where the interaction in the semi-logarithmic model between log area and log time was significant at the p  0.05 level are indicated by * . STAR or FDisTAR, other characteristics relating to management or disturbance may contribute to explaining observed differences between plots. Certain land uses of machair may be expected to accumulate species and traits more quickly in time than others. For example, we might expect plots located in machair plain to have steeper diversity-time relationships than plots located in dune grassland as less extreme soil and microclimate conditions may promote the establishment and growth of more species. Disturbance regimes and landuse may also vary between islands, which could affect temporal turnover of diversity. However, to draw any general conclusions on the impact of specific land use characteristics on spatiotemporal scaling of machair biodiversity, we would have to increase the plot sample size. This could be achieved either by carrying out a series of resurveying, or plots with only four years of continuous sampling post-disturbance could be incorporated into the models.
Although the mean temporal scaling parameter of species richness and functional dispersion varied between the three spatial sampling scales, the mean spatial scaling parameter remained relatively constant regardless of sampling period for all three diversity measures. This is surprising given the significant area-time interaction previously observed across a range of taxa from Kansas grassland plants to desert rodents (Adler and Lauenroth 2003, Adler et al. 2005) . However, in the current study there was substantial variation in the interaction at the plot level, even changing sign between plots for models of functional richness. The lack of a consistent significant interaction across plots may be a result of the small sample size in this analysis, giving a low statistical power. This can give rise to type II errors, however, the risk of type I errors is low. Therefore, we can be confident in the conclusions drawn from the significant relationships observed, but interpretation of non-significant relationships should be treated with caution. Non-significant interaction terms may also be an artefact of an unknown area-sampling effort and time-sampling effort interaction, as suggested by the speciestime-area-effort model proposed by Ulrich et al. (2013) .
The results of this study do not necessarily indicate the absence of a universal time-area interaction, but perhaps suggest the prominence of type II errors when there are insufficient data. Further investigation of spatiotemporal patterns of diversity, including traits, requires both a longer temporal dataset and larger spatial scale of sampling. Highquality, long-term data of this nature are scarce and this has been noted as a barrier to research of spatiotemporal diversity patterns (White et al. 2010 ). In the machair system, however, temporal and spatial turnover of species occurs on relatively small spatial and temporal scales due to the management practices, environmental conditions and natural succession which cause substantial spatial and temporal environmental heterogeneity (Lewis et al. 2014b (Lewis et al. , 2015 , enabling the detection of some spatiotemporal patterns in diversity even at a relatively small scale. It is important to incorporate a Table 2 . Parameter estimates and AICc of the mixed-effects models of the species-area relationship, species-time relationship, trait-area relationship and trait-time relationship fitted with 'plot' as a random effect. The best performing model (lowest AICc) for each relationship is in bold. All parameter estimates had p  0.001. temporal component into diversity-area relationships of dynamic systems such as the machair, so that larger sample sizes are obtained for small areas despite annual fluctuations in community composition of both species and traits (Fridley et al. 2006) .
Whole study curves
The present research benefited from taking a mixed model approach which accounted for variation amongst plots to produce a single curve for each type of relationship. It is likely that considering the slope for each plot as an estimate drawn from an underlying distribution of slopes is more appropriate than as an estimate of a single common area-or time-relationship. The interaction between area and time was positive for the mixed model semi-logarithmic STAR but negative for the mixed model semi-logarithmic FRicTAR and FDisTAR. As the sampling period increases, so the number of species accumulated with area also increases, but the functional distinctiveness of these species decreased due to infilling of trait space with species exhibiting similar traits i.e. functional redundancy, indicated by the slowing rate of increase in functional dispersion. Similarly, temporal accumulation of functional richness and functional dispersion is highest at small spatial scales, whilst temporal accumulation of species is lowest, indicating that at these small scales, a limited number of functionally distinct species are becoming established over time. As the spatial scale increases, species accumulate over time at an increasing rate, but these include functionally redundant species, at least with respect to the traits included in our measures of functional diversity. Two identical communities may present two different values of a functional diversity measure depending on the traits selected for its calculation. For example, Tsianou and Kallimanis (2016) show that the spatial pattern of functional diversity in amphibians depends on the function being analysed. However, we believe the estimates presented in the current study are a good representation of trait variety within a community, as all but one of the whole-plant properties identified by Laughlin (2014) are covered whilst trait redundancy within a species is minimised through the exclusion of collinear traits. Further testing would determine whether the patterns observed here reflect functional diversity patterns for subsets of traits, for example those related to a particular ecosystem function. Along with the functional form of the time-area relationship, the interaction between space and time may vary if the scale of the study is increased. However, understanding temporal accumulation of diversity at small spatial scales can be used to estimate and correct for the effects of sampling processes on diversity-area relationships at fine scales, thus resolving the issue of changing forms of scaling curves at local and regional scales (Fridley et al. 2006) . As spatial and temporal scale are increased, the curve will likely enter a second phase of a multiphasic relationship accompanied by a change in the time-area interaction. Whether multiple diversity measures change phase at similar spatial and temporal scales is an interesting avenue for future research and has implications for rates of turnover of species and traits in space and time, as well as estimating functional redundancy of communities at multiple scales. Differing multiphasic relationships between species and traits also indicates that the scale at which sampling processes cease to influence scaling curves differs between biodiversity components.
The difference in the interaction between the STAR and the two functional diversity-time-area relationships suggests that the scale of equivalence of area and time for species and traits will also differ. This could impact the applications of the STAR as White et al. (2010) suggest that using a combined spatiotemporal approach to biodiversity modelling allows appropriate scales for space-for-time substitutions to be identified. Due to the lack of long-term ecological datasets, many studies use a space-for-time substitution approach to investigate biodiversity dynamics in response to environmental change (Molnár and Botta-Dukát 1998 , Banet and Trexler 2013 , Blois et al. 2013 . Differences in the spatiotemporal dynamics of species richness and functional diversity suggest that the appropriate scales of substitution may differ depending on whether species or traits are under investigation.
The application of time-area relationships to functional diversity promises further insight into the natural processes that underpin ecological change and ecosystem restoration. Incorporating functional diversity into these spatiotemporal models, for example, could enhance our ability to predict tipping points affecting food security or the point at which change and habitat loss results in a decrease in ecosystem functioning. The framework presented in this study can also be applied to additional measures of functional diversity, in particular those that take into account species' abundances e.g. functional divergence and functional evenness. These provide more information on the filling of trait space by species (Villéger et al. 2008) . Karadimou et al. (2016) show that six measures of functional diversity fall into a typology of arearelationships, in particular making the distinction between measures that incorporate species abundances and those that use species occurrence data only. A similar distinction may be observed in spatiotemporal scaling of functional diversity and may highlight how some traits can become dominant with increasing scale as more individuals with that trait are accumulated. Although functional richness captures the multivariate range of ecological traits, the model can be applied to specific individual traits with a known link to ecosystem functioning. The accumulation of variation in a particular trait with spatial or temporal scale may inform specific functions at multiple scales. Therefore, there is broad scope for the application of the framework outlined here, to investigate spatiotemporal scaling of ecological traits further.
Conclusions
This study presents two examples of a functional diversitytime-area relationship, the first to our knowledge, with considerable scope for expanding this model to other functional diversity measures. Spatiotemporal dynamics of diversity measures other than species is clearly an important area of research with many more questions still to answer, although, long term datasets are required to fill this gap in temporal biodiversity research. However, the difference in the time-area interaction between species and traits shown in this paper reveals a decoupling of these two facets of biodiversity indicating that the appropriate scale of space-fortime substitutions may differ between them. Spatial studies, therefore, should only be used as a proxy for temporal change where these different aspects of biodiversity have been shown to have the same form.
